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Deep neural models have achieved state-of-the-art performance on a wide range of problems in computer science, especially
in computer vision. However, deep neural networks often require large datasets of labeled samples to generalize effectively.
An important area of active research is semi-supervised learning, which attempts to instead utilize large quantities of (easily
acquired) unlabeled samples. One family of methods in this space is pseudo-labeling, a class of algorithms that use model
outputs to assign labels to unlabeled samples which are then used as labeled samples during training. Such assigned labels,
called pseudo-labels, are most commonly associated with the field of semi-supervised learning. In this work, we explore a
broader interpretation of pseudo-labels within both self-supervised and unsupervised methods. After a thorough treatment of
pseudo-labeling in these areas, we draw the connection between them and identify commonalities between fields, as well as
new directions where advancements in one area would likely benefit others, such as curriculum learning and self-supervised
regularization.

JAIR Track: Surveys

JAIR Associate Editor: Ivor Tsang

JAIR Reference Format:
Patrick Kage*, Jay C. Rothenberger*, Pavlos Andreadis, and Dimitrios I. Diochnos. 2026. A Review of Pseudo-Labeling for
Computer Vision. Journal of Artificial Intelligence Research 85, Article 26 (March 2026), 32 pages. doi: 10.1613/jair.1.19656

1 Introduction
Deep neural networks have emerged as transformative tools especially in natural language processing and
computer vision due to their impressive performance on a broad spectrum of tasks requiring generalization.
However, a significant limitation of these systems is their requirement for a large set of labeled data for training.
This becomes particularly challenging in niche domains such as scientific fields where human annotation
requires domain experts, making the dataset curation process laborious and often prohibitively expensive. This
review will focus on a specific methodology, pseudo-labeling (PL), within the broader field of semi-supervised
and unsupervised computer vision tasks. In Figure 1 we provide a taxonomy of PL, and in Table 1 we give a
performance comparison for various methods of PL.
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Fig. 1. Family tree of pseudo-labeling methods. Please see Appendix A for a table with section links and references. The
methods shown in the figure from left to right are presented in the text in that order. Section 3 is devoted to semi-supervised
learning methods and Section 4 to unsupervised learning methods. Furthermore, the third level split in the figure indicates in
which subsection we discuss the various methods. For example, consistency regularization methods in SSL are discussed in
Section 3.3, while consistency regularization methods in UL are discussed in Section 4.1. In Table 1 we give a performance
comparison of relevant methods.

Semi-supervised learning (SSL) aims to address the missing-labeling problem by introducing strategies to
incorporate unlabeled samples into the training process, allowing for training with only a small percentage
of labeled samples (van Engelen and Hoos, 2020; Chapelle et al., 2006; Zhu and Goldberg, 2009; Prakash and
Nithya, 2014; Pise and Kulkarni, 2008; Ouali et al., 2020; Yang et al., 2023; Amini et al., 2025). In recent years
so-called “scaling laws” indicate that more data and larger models lead to better performance, thus driven
by a demand for data to train ever-larger models SSL has become an important focus of research within the
machine learning research community.There are several extant approaches to semi-supervised learning, including
consistency-regularization-based approaches, fully generative approaches, and entropy minimization Ouali et al.
(2020)—however, this review will focus on pseudo-labeling within this field.

Pseudo-labels (also known as proxy labels) have primarily been considered in the context of SSL. However,
pseudo-labeling can also be seen across sub-fields of unsupervised learning (UL), particularly self-supervised
learning (Caron et al., 2020) and knowledge distillation (Hinton et al., 2015). We formalize a definition of pseudo-
labels which unifies these different areas.

In this analysis, we investigate the ways in which PL techniques across SSL and UL compare and contrast with
each other. We show that PL techniques largely share one or more of the following characteristics:

• self-sharpening, where a single model is used to create the pseudo-label from a single view of a set of data
points,

• multi-view learning, where single samples are represented in multiple ways to promote learning generaliz-
able patterns, and

• multi-model learning, where multiple models are used during the learning process (e.g., in a student-teacher
setting).
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Table 1. Performance of traditional pseudo-labeling for semi-supervised learning approaches and related methods in unsuper-
vised/self-supervised learning. Unsupervised and self-supervised methods are frequently leveraged to learn representations
from unlabeled data and then those representations enable learning from few examples. This combination of methods is
semi-supervised, and that semi-supervised performance is what is shown in the second part of the table. Models trained may
differ between algorithms. All CIFAR-10-4k models were trained using a WideResNet-28-2. Nearly all ImageNet-10% models
were trained with ViT-L. Approaches which use a ResNet-50 backbone are marked with (*) and approaches using a Swin-B
backbone are marked with (†).

Method Reference CIFAR-10-4k ImageNet-10%

Semi-Supervised

BLOPL Heidari and Guo (2025) 96.88
RLGSSL Heidari et al. (2024) 96.48
MHCT Chen et al. (2022) 96.16
MPL Pham et al. (2021) 96.11 73.89
FlexMatch Zhang et al. (2021) 95.81
FixMatch Sohn et al. (2020) 95.74 71.5
ReMixMatch Berthelot et al. (2019a) 94.86
Meta-Semi Wang et al. (2020) 93.90
UPS Rizve et al. (2021) 93.61
MixMatch Berthelot et al. (2019b) 92.71
ICT Verma et al. (2022) 92.71
Deep Co-Training Qiao et al. (2018) 91.65 53.5
Π-Model Laine and Aila (2017) 87.84
Mean Teacher Tarvainen and Valpola (2017) 84.13
Meta Co-Training Rothenberger and Diochnos (2023) 85.8

Unsupervised/Self-Supervised

TCSSL Zhou et al. (2020) 94.97
UDA Xie et al. (2020a) 94.53 68.07
VAT Miyato et al. (2019) 86.87
CLIP Radford et al. (2021) 84.7
DINOv2 Caron et al. (2021) 82.9
EsViT Li et al. (2022) †74.4
SwAV Caron et al. (2020) 70.2
SimCLR Chen et al. (2020) *69.3
BYOL Grill et al. (2020) *68.8

We outline directions for future work that lie at the intersection of these areas, and directions illuminated in one
area by considering established methods in the other.

Pseudo-labels within semi-supervised learning. Pseudo-labeling was first applied to deep learning for computer
vision in Lee (2013).1 Most techniques within SSL improve on this paper; see Figure 1. In Lee (2013), it is argued
that PL is equivalent to entropy minimization (EM), maximizing the margin of the decision boundary in a
1There are self-training methods that predate the work of Lee (2013); e.g. Yarowsky (1995); Nigam et al. (2000). Here we follow the common
usage of pseudo-labeling in deep learning literature.
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classification problem by ensuring examples with similar labels lie close to each other on the underlying data
manifold, and far from other examples. Though not explicitly mentioned in Lee (2013), this is an effect of two of
the three assumptions inherent to SSL regimes: the low density separation assumption that samples are embedded
in high-density regions separated by low-density regions and the cluster assumption that points within high
density regions share the same class label (Chapelle et al., 2006).2

Subsequently, the literature (Cascante-Bonilla et al., 2020; Sohn et al., 2020; Berthelot et al., 2019b,a; Zhou et al.,
2020; Xie et al., 2020a; Miyato et al., 2019; Shi et al., 2018; Iscen et al., 2019) includes the notion of consistency
regularization (CR), in which examples that have been slightly perturbed (e.g., by an augmentation or adversarial
additive perturbation) should lie close together in any embedding space or output distribution space produced by
the model. CR and EM form strong theoretical arguments for PL with techniques using the average of predicted
probabilities for augmentations to assign pseudo-labels to achieve sample scheduling or curriculum learning (CL)
and most approaches choosing to assign “hard” (one-hot) pseudo-labels to examples to encourage EM (Berthelot
et al., 2019b; Sohn et al., 2020; Berthelot et al., 2019a; Zhou et al., 2020; Zhang et al., 2021). When it can be assumed
that examples form clusters with high internal consistency and low density separation, then it may be appropriate
to perform label propagation with methods such as Iscen et al. (2019); Zhu and Ghahramani (2002); Shi et al. (2018).
It is natural to think of the pseudo-label assigned by some model as weak supervision, and there are a variety of
methods that leverage techniques for utilizing unreliable labels (Haase-Schütz et al., 2020; Tong Xiao et al., 2015;
Yi et al., 2022; Wang et al., 2022; Wallin et al., 2023, 2024). Furthermore, there are methods that utilize multiple
models in the hopes that each model will fail independently when predicting pseudo-labels for a given instance
and that this independence of failure can be leveraged to produce high-quality pseudo-labels (Pham et al., 2021;
Xie et al., 2020b; Blum and Mitchell, 1998; Zhou and Goldman, 2004; Zhou and Li, 2005; Yan et al., 2016; Chen
et al., 2022; Rothenberger and Diochnos, 2023; Heidari and Guo, 2025; Heidari et al., 2024). Finally, we note that
some of the above-mentioned lines of work combine multiple ideas. However, in Figure 1 we place these lines of
work in the branch that we identify as most fitting for their contribution, given the taxonomy that we provide.

Pseudo-labels within unsupervised learning. Pseudo-labels have been applied in sub-fields of unsupervised
learning. Self-supervised learning (Caron et al., 2021; Li et al., 2022; Caron et al., 2020; Chen et al., 2020; Radford
et al., 2021; Zhai et al., 2023; Jia et al., 2021; Balestriero et al., 2023) is typically some form of CR optionally
combined with contrastive learning. Knowledge distillation (Hinton et al., 2015; Duval et al., 2023; Zhang et al.,
2019; Lopes et al., 2017; Wen et al., 2021) also makes use of pseudo labels to distill the knowledge of one model
into another. These subfields are not traditionally considered pseudo-labeling, but they all make use of one or
more neural networks which provide some notion of supervision. In some cases, this supervision corresponds
to an approximation of a ground truth classification function (Hinton et al., 2015; Miyato et al., 2019; Xie et al.,
2020a; Zhang et al., 2019; Wen et al., 2021), in some cases this supervision serves only to transfer knowledge
from one network (sometimes referred to as the teacher) to another (student) network (Hinton et al., 2015; Duval
et al., 2023; Zhang et al., 2019; Lopes et al., 2017; Wen et al., 2021; Caron et al., 2021; Zhai et al., 2023), and in
other cases two models provide labels to a batch of samples which are optimized to have certain properties.

Pseudo-labeling techniques which are tolerant to label noise. The process of providing pseudo-labels is ultimately
noisy. Many PL approaches are inspired by techniques known to be effective under label noise, or newmechanisms
that are tolerant to label noise which are developed in this context. For example, the work of Angluin and Laird
(1987) on random classification noise has inspired new learning algorithms in SSL for more than two decades
now; e.g., Goldman and Zhou (2000) and Zhou and Li (2005). Similarly, other lines of work integrate recent
developments on label noise, in a broader framework that uses pseudo-labels, and in particular in contexts that

2The third assumption is the manifold assumption, which states that high-dimensional data lies on a low(er)-dimensional manifold embedded
within that space (Chapelle et al., 2006). This is equivalent to saying the dimensionality of the data can be meaningfully reduced.
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utilize deep neural networks; e.g., Patrini et al. (2017); Guo et al. (2018); Wang et al. (2021); Xia et al. (2019); Han
et al. (2018); Goldberger and Ben-Reuven (2017). Along these lines there is work that has been done to address
labeling errors by human data annotators of varying expertise (and thus of varying label quality); e.g., Yan et al.
(2014). Also, quite close to this context is the use of adversarial training as a mechanism that creates more robust
models by using pseudo-labels; e.g., Miyato et al. (2019); Xie et al. (2020a).

Techniques that deal with label noise are deeply embedded to PL methods and one can find noise-tolerant
mechanisms for PL approaches in all the categories shown in Figure 1. While the investigation of label noise and
methods that mitigate label noise is fascinating in its own right, it is nevertheless outside the scope of the current
survey. The interested reader may find more information in the references cited above and the references therein
regarding the various approaches that are being followed towards noise mitigation. There are also excellent
surveys on the topic; e.g., Song et al. (2023); Han et al. (2020); Frénay and Verleysen (2014) to name a few.

Novelty. While many surveys have offered comprehensive overviews of semi-supervised learning as a whole,
they typically devote only limited space to pseudo-labeling, despite its centrality to modern practice. Pseudo-
labeling is at once deceptively simple and remarkably influential: it forms the backbone of numerous state-of-the-
art SSL algorithms (such as the *-Match family discussed in Section 3.1) and has inspired extensions into adjacent
areas such as label-noise learning and weak supervision. By focusing exclusively on pseudo-labeling, our survey
provides a systematic taxonomy, unifies disparate methodological threads, and clarifies conceptual underpinnings
that broader SSL surveys necessarily treat only in passing. This narrower but deeper scope distinguishes our
contribution and makes it complementary to existing work.

Outline. The following sections give an overview of PL approaches organized by supervision regime, mechanism
of regularization used, and bymodel architectures (see Figure 1). In particular, in Section 2we provide preliminaries
so that we can clarify terms. Of particular importance are the notions of fuzzy sets, fuzzy partitions, and stochastic
labels which allow us to define the central notion of this review, that of pseudo-labels. Once this common language
is established, we proceed in Section 3 with a review of the methods that belong to semi-supervised learning.
In Section 4 we discuss unsupervised methods, including methods of self-supervision. In Section 5 we discuss
commonalities between the techniques that are presented in Sections 3 and 4. In Section 6 we discuss some
directions for future work. Finally, we conclude our review in Section 7.

2 Preliminaries
Before we proceed with our presentation we give some definitions and background that can make the rest of the
presentation easier and clearer. We will introduce an interpretation of pseudo-labeling as fuzzy partitions which
provides a formal framework for understanding the methods in the remainder of the text.

2.1 Fuzzy Partitions
Fuzzy sets have the property that elements of the universe of discourse Ω belong to sets with some degree of
membership that is quantified by some real number in the interval [0, 1]. For this reason a function𝑚∶ Ω → [0, 1]
is used so that 𝑚(𝜔) expresses the grade (or, extent) to which an 𝜔 ∈ Ω belongs to a particular set. The function
𝑚 = 𝜇𝒜 is called themembership function of the fuzzy set𝒜. Such a fuzzy set𝒜 is usually defined as𝒜 = (Ω, 𝜇𝒜)
and is denoted as 𝒜 = {𝜇𝒜(𝜔)/𝜔 ∣ 𝜔 ∈ Ω}.

Example 1 (Illustration of a Fuzzy Set). Let 𝒳 be the universe of discourse with just four elements; i.e.,
𝒳 = {𝑎, 𝑏, 𝑐, 𝑑}. Then, 𝒮1 = {0.4/𝑎, 0.1/𝑏, 0.0/𝑐, 1.0/𝑑} is a fuzzy set on𝒳.

The intention is to treat the “belongingness” numbers as probabilities that elements have for membership in
particular sets. For pseudo-labeling we will assume that there is a predetermined number of fuzzy sets 𝒮1, … , 𝒮𝑘,
for some 𝑘 ≥ 2 and these will correspond to the 𝑘 hard labels that are available in a classification problem
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(more below). Along these lines, an important notion is that of a fuzzy partition, which we will use to define
pseudo-labeling precisely.

Definition 2.1 (Fuzzy Partition). Let 𝑘 ≥ 2. Let ℐ = {1, … , 𝑘}. Let 𝒬 = (𝒮1, … , 𝒮𝑘) be a finite family where for
each 𝑖 ∈ ℐ, 𝒮𝑖 is a fuzzy set and 𝜇𝒮𝑖 is its corresponding membership function. Then, 𝒬 is a fuzzy partition if and
only if it holds that (∀𝑥 ∈ 𝒳) [∑𝑖∈ℐ 𝜇𝒮𝑖(𝑥) = 1].

Example 2 (Illustration of a Fuzzy Partition). Let ℐ = {1, 2, 3}. Let 𝒳 = {𝑎, 𝑏, 𝑐, 𝑑} and consider the
following fuzzy sets:

{
𝒮1 = { 0.4/𝑎, 0.1/𝑏, 0.0/𝑐, 1.0/𝑑 }
𝒮2 = { 0.3/𝑎, 0.6/𝑏, 0.6/𝑐, 0.0/𝑑 }
𝒮3 = { 0.3/𝑎, 0.3/𝑏, 0.4/𝑐, 0.0/𝑑 }

The above family of fuzzy sets 𝒮1, 𝒮2, 𝒮3 together with the corresponding membership functions 𝜇𝒮1 , 𝜇𝒮2 , 𝜇𝒮3
whose values are shown in the equation on display, provides a fuzzy partition since, for every 𝑥 ∈ 𝒳, it holds that
∑𝑖∈ℐ 𝜇𝒮𝑖(𝑥) = 1.

More information on fuzzy sets is available at Zadeh (1965) and Ruspini (1969).

2.2 Basic Machine Learning Notation
We use 𝒳 to denote the instance space (or, sample space) and 𝒴 the label space. We care about classification
problems in which case it holds that |𝒴| = 𝑘; that is there are 𝑘 labels (categories). Instances will have dimension 𝑛.
An example (x, 𝑦) ∈ 𝒳 ×𝒴 is a labeled instance. We denote an unlabeled dataset with 𝒟U; e.g., 𝒟U = (x1, … , x𝑚)
is an unlabeled dataset composed of 𝑚 instances. If in addition, we have the true labels of all these instances, then
we are working with a labeled dataset denoted with 𝒟L; e.g., 𝒟L = ((x1, 𝑦1), … , (x𝑚, 𝑦𝑚)) is a labeled dataset
with 𝑚 examples.

Given access to datasets 𝒟U and 𝒟L, the goal of semi-supervised learning is to develop a model 𝑓 that
approximates well some underlying function that maps the instance space 𝒳 to the label space 𝒴. Examples of
this behavior that we want to learn are contained in 𝒟L and additional instances are available in 𝒟U. The model
that we want to learn has trainable parameters 𝜃 which govern its predictions and for this reason we may write
the model as 𝑓𝜃 so that this dependence on 𝜃 is explicit. The space of all possible functions 𝑓𝜃 that correspond to
all the possible parameterizations 𝜃 is called the model space and is denoted by ℱ. With all the above definitions,
in our context a supervised learning problem is specified by the tuple (𝒳 ,𝒴,ℱ ,𝒟L), whereas a semi-supervised
learning problem is specified by the tuple (𝒳 ,𝒴,ℱ ,𝒟L, 𝒟U).

We assume familiarity with artificial neural networks. However, the interested reader can find more information
in a plethora of resources, including, e.g., (Shalev-Shwartz and Ben-David, 2014; Mitchell, 1997; James et al., 2023;
Géron, 2022). To illustrate the relevance of Definition 2.1, we can see how it applies to the first deep learning
application of pseudo-labeling: Lee (2013). Lee utilizes a neural network to perform image classification, which
we will call 𝑓𝜃. The neural network defines a fuzzy partition. For each classification problem there is an input
space of images 𝒳 and a number of target classes 𝑘. For 𝑥 ∈ 𝒳 we have 𝑓𝜃(𝑥) ∈ Δ𝑘, where Δ𝑘 is the probability
simplex of dimension 𝑘. Thus, each position of the vector 𝑓𝜃(𝑥) represents a class probability, or equivalently
membership in a fuzzy set 𝒮𝑖. Note that as training proceeds this network might be updated, but the network
will continue to provide pseudo-supervision.

2.2.1 Deeper Discussion on Labels. Below we provide more information on labels and pseudo-labels. In addition,
Δ𝑘 will continue to be the probability simplex of dimension 𝑘.

Definition 2.2 (Stochastic Labels). Let |𝒴| = 𝑘. Stochastic labels are vectors 𝑦 ∈ Δ𝑘 where the positions of the
vector defines a probability distribution over the classes 𝒴𝑖 ∈ 𝒴 e.g., 𝑦 = (𝑝1, … , 𝑝𝑘).

Journal of Artificial Intelligence Research, Vol. 85, Article 26. Publication date: March 2026.



A Review of Pseudo-Labeling for Computer Vision • 26:7

The idea of stochastic labels is very natural as the output of deep neural networks almost always has the form
shown above. In order to make sure that the role of fuzzy sets and fuzzy partitions is clear to the reader, and
what the relationship of these terms is to stochastic labels, below we revisit Example 2 and make some additional
comments.

Remark 1 (Stochastic Labels from Fuzzy Partitions). In Example 2, the fuzzy sets 𝒮1, 𝒮2, and 𝒮3 correspond
to three different labels. By taking vertical cuts of these three fuzzy sets for each one of the four instances (𝑎, 𝑏, 𝑐, 𝑑 ∈ 𝒳)
one obtains the stochastic label associated with the respective instance. For example, the stochastic label of instance 𝑏
is (0.1, 0.6, 0.3).

Definition 2.3 (Pseudo-Labels). Given a fuzzy partition 𝒬 over 𝒳, pseudo-labels are vectors 𝑦 ∈ Δ𝑘 where
each position of the vector defines the probability of membership in a unique fuzzy set in 𝒬 (corresponding
to a label), but which were not specified as part of the learning problem. For some instance 𝑥 ∈ 𝒳 we have
𝑦 = (𝜇𝒮1(𝑥), … , 𝜇𝒮𝑘(𝑥)). We write 𝑦 = 𝒬(𝑥).

Using the notation introduced earlier, for some instance 𝑥, the pseudo-label takes the form 𝑓𝜃(𝑥). In other
words, a pseudo-label is a stochastic label by definition. However, the crucial point is that a pseudo-label is
obtained as a result of a predictive model 𝑓𝜃(𝑥) applied on the instance 𝑥, indicating the probability that 𝑥 has
belonging to different classes according to 𝑓𝜃. Ideally, generated pseudo-labels are similar to ground-truth labels
for the various instances 𝑥 ∈ 𝒳. Good pseudo-labels are similar to the ground truth to the extent that the ground
truth is not significantly different from the labeled dataset 𝒟L (e.g., because of noise). Because each element of
the pseudo-label vector indicates membership in a particular class, the pseudo-label can also be one-hot (e.g., see
instance 𝑑 in Example 2). The difference between the ground truth label and the pseudo-label in that case is that
the latter was generated by the fuzzy partition using the instance.

Definition 2.4 (Pseudo-Labeling). Utilizing pseudo-labels generated by at least one fuzzy partition 𝒬 of the
input space 𝒳 inferred from only instances and ground truth labels to provide supervision during the training of
a machine learning algorithm is called pseudo-labeling.

Pseudo-labeling is the process of generating/inferring stochastic labels. In our example the fuzzy class partition
defined by 𝑓𝜃 is used to assign pseudo-labels to unseen instances which are then used to optimize the network
further.

Definition 2.5 (Pseudo-Labeled Examples). Pseudo-labeled examples are tuples (𝑥, 𝒬(𝑥)).

The examples that are formed by the tuples of instances and pseudo-labels are the pseudo-examples which are
used during retraining.

2.2.2 Data Augmentation. Data augmentation is a common technique across multiple branches of machine
learning disciplines, broadly attempting to generate a set of derivative samples x̃ from a single sample x by
modifying the sample in some way. Augmenting samples can help normalize skewed sample class counts by
artificially inflating a rare subclass (Shorten and Khoshgoftaar, 2019), and are used within many unsupervised
learning methods to generate distinct samples that are known to be similar for consistency regularization
(discussed in Section 4). These augmentations vary by implementation, but generally fall into one of the following
categories (Shorten and Khoshgoftaar, 2019): flipping (flips the image 180 degrees along the horizontal or vertical
axes), color manipulation (alters the color information of the image), cropping (randomly crops the image), affine
transformations (rotates, translates, or shears the image), noise injection (add random noise to the image), kernel
filters (applies e.g., a Sobel filter over the image), or random masking (blanks out a section of the image).
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3 Semi-Supervised Regimes
The classic formulation of PL techniques as applied to deep neural networks is defined in Lee (2013), where PL is
presented as a fine-tuning stage in addition to normal training. At a high level, the model 𝑓𝜃 is initially trained
over samples from the labeled set𝒟L, and after a fixed number of epochs 𝜃 is frozen and pseudo-examples derived
from 𝑓𝜃 and 𝒟U are added into the training steps, yielding an effective SSL technique. We use the symbol 𝑓𝜃′ to
denote the model trained using the pseudo-examples.

More specifically, this formulation of PL derives labels for samples drawn from 𝒟U by “sharpening” the
predictions of the partially-trained network, effectively reinforcing the partially-trained model’s “best guess” for
a particular sample. The loss function ℒ being optimized has a supervised component ℓS and a nearly-identical
unsupervised component ℓU; in every case cross-entropy loss is used to penalize the model’s predictions against,
respectively, the true labels, or the pseudo-labels obtained by the sharpening process:

ℒ = ℓS(𝑦 , 𝑓 (xS))
supervised

+ 𝛼(𝑡)ℓU(𝑓𝜃(xU), 𝑓𝜃′(xU))
unsupervised

(1)

Crucially, the unsupervised segment is moderated by 𝛼(𝑡): an epoch-determined annealment parameter. This
starts at zero and then ramps linearly up to a ceiling value. According to Lee (2013), careful consideration is
required in choosing the scheduling of 𝛼, as setting it too high will disturb training of labeled data and too low
will not have an impact on the training process at all.

Thus the basic foundation upon which most fine-tuning PL methods is built. The remainder of this section
presents modifications and improvements to this formulation. It should be clear from the previous sections
how this fits into our definition for pseudo-labeling: the unsupervised portion of the loss is computed through
the use of an inferred fuzzy partition (defined by the weights of the model trained so far). In the case of hard
pseudo-labels the membership probabilities are one-hot, and in the case of soft pseudo-labels they may not be.
Lee (2013) evaluates adding a denoising variational autoencoder in order to simplify the representations of the
samples in both datasets 𝒟L and 𝒟U to boost the performance of the PL steps. For example, assigning sharpened
labels to samples drawn from𝒟U can make the training objective unstable when pseudo-labeling some unlabeled
samples changes dramatically from one weight update to the next (Arazo et al., 2020). Consequently, one of the
primary focuses of work in this direction is how to best choose the pseudo-labels or examples such that training
progresses advantageously.

In this section we will provide an overview of pseudo-labeling methods in computer vision for semi-supervised
learning. We will discuss methods based on scheduling unlabeled instances (Section 3.1), methods based on
performing well under weak supervision (Section 3.2), methods of consistency regularization (Section 3.3), and
approaches that use multiple models (Section 3.4).

3.1 Sample Scheduling
An inherent prerequisite to solving the problem of generating pseudo-labels for samples is determining for
which samples to generate pseudo-labels. The precise sample schedule can greatly impact the performance of
the final pseudo-labeling algorithm (Arazo et al., 2020). Across the literature, a variety of techniques have been
proposed as improvements to Lee (2013) by altering the manner in which unlabeled instances are selected and
how pseudo-labels are assigned to them.

3.1.1 Random Selection. The simplest way to choose unlabeled samples to label is to sample them randomly
from the unlabeled set. Pseudo-labeling techniques are vulnerable to confirmation bias, where initially-wrong
predictions are reinforced by the PL process (Arazo et al., 2020). One solution is to reduce the confidence of
the network predictions overall (Arazo et al., 2020). This is a feature of MixMatch (Berthelot et al., 2019b), a
hybrid PL technique combining several dominant methods within the SSL space with the goal of preventing
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overconfident predictions. MixMatch consists of several steps: a data augmentation step, a label guessing step (the
PL component), and a sample mixing step. First, a batch of samples is drawn from both the labeled set 𝒳 ⊂ 𝒟L
and the unlabeled set 𝒰 ⊂ 𝒟U. Samples from 𝒳 are then replaced with stochastically-augmented versions to
form 𝒳̂, and samples from 𝒰 are replaced by 𝐾 augmentations of the each sample to form 𝒰̂. Samples from 𝒰
are pseudo-labeled based on the sharpened average of the model’s predictions for all 𝐾 augmentations of each
sample. Finally, these samples are then shuffled and mixed using MixUp (Berthelot et al., 2019b; Zhang et al.,
2018) to yield two mixed distributions 𝒳 ′, 𝒰 ′ containing labeled and unlabeled samples.

ReMixMatch (Berthelot et al., 2019a) was proposed with two additional concepts on top ofMixMatch: distribution
alignment and augmentation anchoring, and a modification of the loss function to improve stability. Distribution
anchoring is the scaling of each prediction’s output probabilities element-wise by the ratio of the output to the
average of the outputs over a number of previous batches—replacing the sharpening function in MixMatch and
serving as an EM term.The other contribution was augmentation anchoring, which replaced MixMatch’s one-step
stochastic augmentation of a true sample with a two step process: first weakly augmenting a sample, and then
using that sample-label pair as a base for a series of 𝐾 strong augmentations (using their proposed CTAugment, a
version of AutoAugment (Cubuk et al., 2018)). This functions as a consistency regularization technique, and is
similar to methods discussed in Section 4 such as SimCLR (Chen et al., 2020). Additionally, ReMixMatch’s loss
function incorporates two additional targets: a pre-MixUp unlabeled cross-entropy loss component (comparing
unmixed unlabeled samples with their guessed labels) and a rotation loss component (rotating a sample randomly
in 90 deg increments and predicting the rotation of the sample). These changes yield a significant improvement
in the label efficiency of the model, with the authors showing a 5 − 16× reduction in required labels for the same
accuracy.

Limitations. Sample scheduling approaches, such as the *-Match methods, rely on a carefully chosen recipe
of data augmentation strategies. These strategies are essential to effective consistency regularization, and to
some extent entropy minimization as well. For some well-known datasets there exist popular data augmentation
policies like those of AutoAugment Cubuk et al. (2018) on CIFAR10 and CIFAR100, however for novel domains it
may require extensive experimentation to construct such a policy. Since constructing an effective strong data
augmentation strategy is a prerequisite to applying the above semi-supervised methods, this may pose a limitation
to applying them to some data domains.

With random selection it is assumed that the unlabeled data follow the same distribution as the labeled data.
This assumption may not always be realistic, thus leading to poor generalization ability of the final model in
challenging data scenarios.

3.1.2 Confidence-Based Selection. An alternative approach to random sampling is metric-based sampling, where
the sample to pseudo-label is selected from the unlabeled pool 𝒟U via a non-random metric such as confidence.
One such method is FixMatch (Sohn et al., 2020); a simplification of the ReMixMatch process. FixMatch again
has two loss terms: labeled and unlabeled. The labeled loss is cross-entropy computed over labels given weakly
augmented (flipped and cropped) versions of supervised examples. The unlabeled loss is computed only for
confident predictions on weakly augmented versions of the images from the unlabeled set. This is equivalent
to filtering unlabeled data based on confidence. Pseudo-labels are again computed from the weakly augmented
versions of unlabeled samples, but in FixMatch, hard labels are assigned. FixMatch includes the labeled data
(without labels) in the unlabeled set during training.

While most methods use confidence as the metric by which to select, Time-Consistent Self-Supervision for
Semi-Supervised Learning (TCSSL) (Zhou et al., 2020) uses a different metric. For each gradient update step, TCSSL
maintains a “time consistency” metric which is the exponential moving average of the divergence of the discrete
output distribution of the model for each sample. They show this metric is positively correlated with accuracy,
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especially at later epochs, and that the more commonly used confidence is not. In addition to PL, this approach
includes jointly in its objective representation learning losses.

Limitations. Selecting pseudo-labels based on a model’s confidence may not be effective if the model’s uncer-
tainty is poorly calibrated. In general it is known that training of neural networks via gradient descent methods
does not necessarily produce calibrated uncertainty estimates.

3.1.3 Curriculum Learning. One of the most natural solutions to choosing a suitable set of examples to pseudo-
label is curriculum learning (CL) (Bengio et al., 2009). In this paradigm, the model is first allowed to learn on
“easy” instances of a class or concept and then trained on progressively “harder” instances. Instances which are
“easy” are ones which will be given correct pseudo-labels (with high probability), and thus we have extended
our labeled set reliably. Through training in this way the hope is that harder examples become easier and we
can continue to expand our labeled set. Unfortunately, designing a curriculum is not easy and often requires
handcrafting a heuristic for determining what is easy and what is hard.

One such CL approach is (Cascante-Bonilla et al., 2020). Functionally, it is a self-training framework where
within each epoch unlabeled data is sorted based on the confidence of prediction, and only the top 𝑘% most
confident predictions are given pseudo-labels at each iteration of self training until all labels are exhausted.
Curriculum learning is also the foundation of FlexMatch (Zhang et al., 2021), an extension to the *-Match
family of methods (see Section 3.1.1). FlexMatch extends FixMatch’s pseudo-label thresholding by introducing
dynamically-selected thresholds per-class (dubbed Curriculum Pseudo-Labeling or CPL), and these are scaled
to the “difficulty” of learning a particular class’ label. This is achieved through two assumptions: the first that
the dataset is class-balanced and the second that the difficulty of learning a particular class is indicated by the
number of instances with a prediction confidence above a given threshold 𝜏. During the training process, 𝜏 is
adjusted down for “hard” classes to encourage learning on more pseudo-labels, and up for “easy” classes in order
to avoid confirmation bias (Zhang et al., 2021). This improves SSL performance without much additional cost, as
there are no extra forward passes and no extra learnable parameters (Zhang et al., 2021).

Limitations. As we discussed previously, neural networks do not necessarily produce calibrated uncertainty
estimates and choosing an effective data augmentation strategy is not always trivial. Both of these limitations
apply to the above methods with respect to choosing a curriculum for pseudo-labeling. Additional effort may
have to be invested in calibrating model outputs or developing an effective data augmentation strategy to apply
methods of curriculum-learning-based pseudo-labeling.

3.2 Weak Supervision
Subtly different from metric-based selection of unlabeled examples, we can also imagine assigning a label based
on a weak supervision such as using a 𝑘-nearest-neighbors (𝑘NN) classifier for PL. Such a classifier differs from
the metrics in the previous section as they only provide a label rather than a continuous score. This updated task
brings pseudo-labeling to weak supervision, a class of problem similar to SSL where the labels in 𝒟L are treated
as inaccurate, and are updated along with the pseudo-labels at training time.

An early approach in this space was that of Zhu and Ghahramani (2002), which used 𝑘NN to assign a label
based on its geodesic distance to other samples in the embedding space. This approach was extended to deep
neural networks in Iscen et al. (2019). Under the deep learning regime, a CNN is trained on the labeled data
and the representation output by the penultimate layer is used as an approximation of the underlying data
manifold. Then, an iterative algorithm assigns soft pseudo-labels to the unlabeled data based on density and
geodesic distance to labeled examples. The CNN is retrained on these new targets in addition to the original
labels. This process is iterated until some stopping criterion is satisfied. Shi et al. (2018) improves upon this with
a regularization they call “Min-Max Feature,” a loss which encourages all examples of one class assignment to
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be embedded far from those of other classes and examples within an assignment to be drawn together. During
model optimization, this regularization is performed during a separate step subsequent to the optimization of the
cross-entropy loss over the union of the labeled and pseudo-labeled sets. At the beginning of each self-training
iteration hard pseudo-labels are assigned as the argmax of the output of the CNN.

Iterative Label Improvement (ILI) (Haase-Schütz et al., 2020) recognizes the potential inaccuracies in supervised
dataset labels, emphasizing the inherent noise in pseudo-labels. ILI employs a self-training method where the
model, post-initial training, may adjust any sample’s label based on confidence levels, without calibration.
Additionally, ILI extends through Iterative Cross Learning (ICL) (Yuan et al., 2018), where models trained on
dataset partitions assign pseudo-labels to other segments. Uncertainty-Aware Pseudo-Label Selection (UPS) (Rizve
et al., 2021) seeks to achieve good weak supervision by training a calibrated network for confidence filtering on
the unlabeled set. Pseudo-labels generated by this method are hard, and only computed after each iteration of
self-training.

Continuing in the theme of directly estimating the label noise, Tong Xiao et al. (2015) add a probabilistic model
which predicts the clean label for an instance. This approach splits noise in labels into two categories: “confusing
noise” which are due to poor image/label matching (though still conditional on the label), and “pure random
noise” which is unconditional and simply wrong. The model represents the image/noisy label relationship by
treating true label/noise types as latent variables. This latent variable, z, is a one-hot encoded 3-element vector
with the following properties:

(1) z1 = 1: Label is noise free,
(2) z2 = 1: Label is unconditionally noisy (uniform random distribution),
(3) z3 = 1: Label is conditionally noisy (moderated by learnable matrix C).

Two CNNs are then trained to estimate the label and noise type respectively: 𝑝(y ∣ x) and 𝑝(z ∣ x). The CNNs
are pretrained using strongly supervised data, and then noisy data is mixed into clean data on an annealing
schedule. In benchmarks, this approach yielded a 78.24% test accuracy, a modest improvement over treating
the noisy dataset as unlabeled and using pseudo-labeling (73.04% test accuracy) and treating the noisy labels as
ground truth (75.30% test accuracy).

More recently, PENCIL (Yi et al., 2022) handles uncertainty by modeling the label for an image as a dis-
tribution among all possible labels and jointly updates the label distribution and network parameters during
training. PENCIL extends DLDL (Gao et al., 2017) by using the inverse-KL divergence (KL(𝑓 (x𝑖; 𝜃)‖y𝑑𝑖 ) rather
than KL(y𝑑𝑖 ‖𝑓 (x𝑖; 𝜃))) to moderate the label noise learning, as KL divergence is not symmetric and this swap
gives a better gradient (i.e., not close to zero) when the label is incorrect. Additionally, two regularization terms
are added to control the learning: a compatibility loss ℒ𝑜 and an entropy loss ℒ𝑒. The compatibility loss term
ensures that the noisy labels and estimated labels don’t drift too far apart—given that the noisy labels are mostly
correct—and is a standard cross-entropy between the two terms. The entropy loss ℒ𝑒 serves to ensure that the
network does not just directly learn the noised weights, but rather encourages a one-hot distribution. These
one-hot labels are correct for classification problems and keeps training from stalling. The final loss is a sum of the
classification loss and hyperparameter-moderated compatibility/entropy losses. Similar to other pseudo-labeling
techniques, PENCIL pre-trains the backbone network assuming that the existing labeling is correct. Subsequently,
the compatibility and entropy losses are brought in for several epochs before a final fine-tuning is done over
the learned new labels. This approach makes PENCIL useful for both semi-supervised and weakly supervised
regimes.

Another approach in this space is instance dependent noise (IDN) by Wang et al. (2022), which directly models
label noise by relating noisy labels to instances. Here, a DNN classifier is trained to identify an estimate of the
probability 𝑃(confusing ∣ 𝑥), and this classifier is optimized using a variation of the expectation-maximization
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algorithm. This is shown to be slightly more effective than PENCIL, with the added benefit that the confusing
instance classifier gives an explainable view of which instances are confusing.

An additional strategy for label selection is Class Introspection (Kage and Andreadis, 2021), which uses an
explainability method over a classifier in order to embed the inputs into a space separated by their learned
explanations. This space is then hierarchically clustered in order generate a new (pseudo-) labeling, with the
intuition that points which were included in a single class but are explained differently may belong in a separate,
new labeling.

Limitations. Necessarily using weak supervision to assign pseudo-labels requires a source of that weak super-
vision, and are limited by the quality of that weak supervision. Approaches like label propagation, LabelPropPL,
and MMF require a feature space over which labels can be propagated correctly. Approaches like ILI and UPS
which require good uncertainty estimates incur additional training cost. Popular ways to train uncertainty-aware
networks include Bayesian Neural Networks (Graves, 2011; Blundell et al., 2015; Louizos and Welling, 2016), Deep
Ensembles (Lakshminarayanan et al., 2017), and MC Dropout (Gal and Ghahramani, 2016) all come at the expense
of extra computation. Finally, methods which rely on auxiliary trained classifiers like IDN incur computational
cost and hyperparameter tuning burden by adding another trainable component.

3.2.1 Open-Set Recognition. Open-set recognition (OSR) and pseudo-labeling, while distinct, share a connection
in weakly-supervised tasks. OSR aims to identify known classes while detecting and rejecting unknowns (out-
of-distribution instances) (Barcina-Blanco et al., 2024), a challenge that becomes more complex without strong
labels. In the context of weakly-supervised OSR, pseudo-labeling can be employed to create initial, albeit noisy,
labels for the known classes in unlabeled data. These pseudo-labels help define boundaries for known classes,
which is crucial for OSR to distinguish them from unknowns. Thus, pseudo-labeling provides a form of implicit
supervision, enabling OSR models to learn and differentiate classes even with limited or absent explicit labels.

An approach in this space is SeFOSS (Wallin et al., 2023), which aims to learn from all data (in and out
of distribution) in 𝒟U and uses a consistency regularization objective to pseudo-label inliers and outliers for
the dataset. SeFOSS utilizes the free energy score of the dataset (as defined in (Liu et al., 2021)) rather than a
softmax objective to filter 𝑥 ∈ 𝒟U into three buckets: pseudo-inliers, uncertain data, and pseudo-outliers. Similar to
FixMatch (Sohn et al., 2020), these are sorted by thresholding, however because free energy is based on the raw
logits rather than a normalized probability distribution SeFOSS delegates these (scalar) thresholds to be assigned
as hyperparameters.

Free energy is not the only metric used for in-/out-of-distribution assignment. ProSub (Wallin et al., 2024)
uses the angle 𝜃 between clusters in the penultimate layer activations of a neural network to assign instances to
the in- or out-distribution, and avoids having to manually set thresholds by estimating the probability of being
in-distribution as a Beta distribution. This Beta distribution is computed using a variant of the standard EM
algorithm, and the resulting ID/OOD prediction is used to weight the instance in the loss function. ProSub finds
that this achieved SOTA results on benchmarks, showing the efficacy of this method.

While weak supervision is a practical way to incorporate noisy labels into the training process, it is not
without its drawbacks. A major challenge is managing dataset noise (ensuring datasets are not too noisy to learn
meaningfully from), and ensuring that overconfident predictions do not amplify biases within the dataset itself.
Special care needs to be taken when evaluating whether a weakly supervised method is applicable or if a fully
unsupervised approach is more appropriate.
Outlier exposure—ensuring the model is presented with a variety of out-of-dataset instances during training

time—is another challengewithin OSR as it is difficult to collate a diverse set of outliers. One solution isWasserstein
Distribution-Agnostic Outlier Exposure (W-DOE), which includes a noise term P(𝑘) into the classic MLP weights-
and-nonlinearity formulation of 𝜎(W(𝑘)x(𝑘)), yielding a noised variant 𝜎((W(𝑘) + P(𝑘))x(𝑘)) which is shown to
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be equivalent to perturbing the inputs x of the model Wang et al. (2025). This noising of the model is used to
generate data outside of the dataset distribution (bounded by a parameter 𝜌 indicating maximum Wasserstein
distance), and these outliers are used to train the model. This resulting system outperforms the state-of-the-art at
discriminating OOD samples.

Limitations. As discussed above, a specific challenge with open-set recognition methods is ensuring that the
out-of-distribution samples presented during training align with the samples encountered in the real world.
While the methods discussed in this section are powerful tools, they need to be benchmarked against not just the
reference datasets but also samples drawn from the model’s deployment environment—a potentially intractable
problem depending on the eventual use-case.

3.3 Consistency Regularization
A common problemwithmodels trained on few labeled examples is that of overfitting.There are two representative
techniques which inject consistency regularization in a way which specifically addresses the case where pairs of
instances that differ only slightly receive differing model predictions. These are Unsupervised Data Augmentation
(UDA) by Xie et al. (2020a) and Virtual Adversarial Training (VAT) by Miyato et al. (2019). It is possible to apply
these methods without any supervision at all, and in that case they are still pseudo-labeling, but they would be
unsupervised rather than semi-supervised. UDA is even explicitly called unsupervised data augmentation, but
because historically these two works are specifically for semi-supervised applications we include them in this
section rather than the next.

Unsupervised data augmentation (Xie et al., 2020a) is a method for enforcing consistency regularization by
penalizing a model when it predicts differently on an augmented instance. UDA employs a consistency loss
between unaugmented and an augmented version of a pseudo-labeled instance. If the two predictions differ, then
the pseudo-label on the unaugmented instance is assumed to be correct and the model is trained to reproduce that
label for the augmented instance. In this way the model learns to be invariant to the augmentation transformations.
For its simplicity UDA is remarkably effective, and it bears strong resemblance to many of the CR methods of
self-supervised learning in the next section. UDA does, however, require an effective data augmentation strategy
and is typically achieved with a strategy that is known to be effective already on a particular dataset.

Virtual adversarial training (VAT) is a CR technique which augments the training set by creating new instances
that result from original samples with small adversarial perturbations applied to them. A consistency loss is
applied between the new adversarial instance and the original instance. If the model’s prediction differs then
the pseudo-label for the original instance is assumed to be correct. The goal of this process is to increase the
robustness and generalization of the final model. Rather than enforcing consistency by encouraging the model to
be invariant to combinations of pre-defined transformations, VAT makes the assumption that examples within a
ball of small radius around each instance should have the same label.

In both of the above cases the pseudo-label of an augmented instances is inferred by its close proximity to the
original sample. This distance is either a p-norm in the case of VAT or a semantic notion of distance as in UDA.
The fuzzy partition is thus constituted of fuzzy sets which are the union of spheres of a chosen radius around
points of the same class, or which are sets of augmented versions of an instance. In the case of VAT the labels that
are assigned are one-hot, but this is a subset of the admissible fuzzy partitions. Adversarial training is a special
case of consistency regularization in which the consistency is enforced locally for each instance. Adversarial
training is an effective method of consistency regularization, but it incurs the additional cost of a gradient update
to the input sample.

Limitations. The benefit of consistency regularization is dependent on the ability to define transformations
which do not effect the ground-truth label of an instance but to which the regularized classifier is not already
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invariant. For image classification on benchmark tasks there exist out-of-the-box solutions, but for specialized
domains or model architectures it may take non-trivial work to identify and leverage such transformations.
Furthermore these transformations must meaningfully change the classification boundary. Using VAT with some
small radius, for example, is broadly applicable but may not change the classification boundary much.

3.4 Multi-Model Approaches
In multi-model approaches more than one network is used for training one singular model, combining the
strengths of the individual component networks. Meta Pseudo Label (MPL) by Pham et al. (2021), discussed in
Section 3.4.1 of joint-optimization selection, is an example where a teacher model generates labels and a student
model processes labeled data and jointly optimizes both.

Noisy Student Training (Xie et al., 2020b) is an effective technique in this category where a student model is
initially trained on labeled and pseudo-labeled data. This student then becomes the teacher, and a new, possibly
larger, “noised” student model takes its place, undergoing augmentation and stochastic depth adjustments.
Training involves using a mix of supervised and pseudo-labeled data, with the teacher model filtering pseudo-
labeled examples based on confidence. The process typically involves a few iterations of self-training, after which
the final student model is selected. This approach differs from model distillation in that the student model is often
larger, subjected to noise, and utilizes unlabeled data, which is not the case in distillation. The addition of noise is
believed to make the student model mimic a larger ensemble’s behavior.

However, the student-teacher model is not the only multi-model architecture that relies on pseudo-labels
for SSL. A representative technique in this area is co-training (Blum and Mitchell, 1998) in which two models
are trained on disjoint feature sets which are both sufficient for classification. In co-training, pseudo-labels
are iteratively incorporated into the training set just as with self-training, except labels added to one model’s
training set are generated by the other model. The models need not have the same number of parameters, the
same architecture, or even be of the same type. In Qiao et al. (2018) the authors present a study in which two
similar deep neural networks are used. They call this Deep Co-Training. One key problem in co-training is that of
constructing the views when they are not available (Sun et al., 2011; Wang et al., 2008). It is relatively uncommon
to have a dataset in which there are two independent and sufficient views for classification. Furthermore, it is
possible that the views we have are independent, but not sufficient. Multiple works attempt to address the issue of
insufficiency. Wang and Zhou (2013) shows that this is still an acceptable setting in which to perform co-training
provided that the views are “diverse.”

To address the problem of the lack of independent views, some algorithms propose using a diverse group of
classifiers on the same view instead of constructing or otherwise acquiring multiple sufficient and independent
views (Zhou and Goldman, 2004; Hady and Schwenker, 2008). These approaches are ensembles where each
classifier issues a vote on the class of unlabeled samples, and the majority vote is assigned as the pseudo-label
and the instance is added to the training set. In this setting, it is reasonable to assume that the single view is
sufficient, as in most supervised learning scenarios we are simply attempting to train the best classifier we can
with the data we are given. Independence is far more dubious, as we rely on the diversity of the ensemble to
ensure our classifiers do not all fail for the same reasons on points which they classify incorrectly.

In the same vein, Tri-Training employs three classifiers in order to democratically select pseudo-labels for 𝒟U
after being trained on 𝒟L (Zhou and Li, 2005). While this is a simple solution, it comes with a 3× increase in
compute cost. An improvement is Robust Semi-Supervised Ensemble Learning (Yan et al., 2016), which formulates
the PL process as an ensemble of low-cost supervisors whose predictions are aggregated together with a weighted
SVM-based solver.
Multi-Head Co-Training (MHCT) (Chen et al., 2022) uses a shared network block to create an initial repre-

sentation which is then evaluated with multiple classification heads (see Figure 2). With labeled data, these
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classification heads (and the shared block) are then all updated as normal. However, when an unlabeled sample is
selected, the most confident pseudo-label is assigned based on a consensus between a majority of the heads. For
better generalization MHCT uses data augmentation.

x

Classification heads

Consensus label

Shared block

Fig. 2. A simplified diagram of Multi-Head Co-Training’s architecture. Adapted from Chen et al. (2022).

Limitations. Methods that require training multiple models have the obvious drawback of the additional time
and memory resources required to train those models. Often these methods are employing iterative re-training
to learn from the pseudo-labels they produce, so the computational cost of that re-training is multiplied by the
number of models used. Additionally, multi-model methods require that each of the models has captured some
independent information or pattern from the data. If all of the models trained are more or less identical, then it
is not useful at all to have trained multiple models. In cases where single model approaches are already very
performant it can be challenging to find or train multiple models with competitive performance that capture
independent information.

3.4.1 Joint-Optimization Selection. Unlike other methods of pseudo-labeling, Meta Pseudo Label (MPL) by Pham
et al. (2021) treats pseudo-label assignment as an optimization problem, with the specific assignment of pseudo-
labels jointly optimized with the model itself. The framework consists of two models, a student and a teacher,
which share an architecture. The teacher receives unlabeled examples and assigns pseudo-labels to them. The
student receives the example pseudo-label pair, and performs a gradient update. The student then is evaluated on
a labeled sample. The teacher receives the student performance on the labeled sample, and performs a weight
update to make better pseudo-labels. Note that the student is only trained on pseudo-labels and the teacher is
only trained on the student’s response on labeled data. In this way, the teacher learns an approximation of the
optimal PL policy with respect to optimizing the student performance on the labeled set, and the student learns
to approximate the PL function described by the teacher.

Teacher Student

Samples, pseudo-labels

Student’s performance

Fig. 3. A figure describing Meta Pseudo Label’s overall architecture. Adapted from Pham et al. (2021).
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A simplified overview of the MPL method is shown in Figure 3. First, the teacher 𝑓𝜃𝑇 is fixed and the student is
trying to learn a better model by aligning its predictions to pseudo-labeled batches (𝑋𝑢, 𝑓𝜃𝑇(𝑋𝑢)). On a pseudo-
labeled batch, the student optimizes its parameters using:

𝜃PL𝑆 ∈ argmin 𝜃𝑆ℓ(argmax 𝑖𝑓𝜃𝑇(𝑋𝑢)𝑖, 𝑓𝜃𝑆(𝑋𝑢)) . (2)

The hope is that updated student parameters 𝜃PL𝑆 will behave well on the labeled data 𝐿 = (𝑋𝐿, 𝑌𝐿) =
{(𝑥𝑖, 𝑦𝑖)}

𝑚
𝑖=1; i.e., the loss ℒ𝐿 (𝜃PL𝑆 (𝜃𝑇)) = ℓ (𝑌𝐿, 𝑓𝜃PL𝑆 (𝑋𝐿)). ℒ(𝜃PL𝑆 (𝜃𝑇)) is defined such that the dependence

between 𝜃𝑆 and 𝜃𝑇 is explicit. The loss that the student suffers on ℒ𝐿 (𝜃PL𝑆 (𝜃𝑇)) is a function of 𝜃𝑇. Exploiting this
dependence between 𝜃𝑆 and 𝜃𝑇. and making a similar notational convention for the unlabeled batch ℒ𝑢 (𝜃𝑇, 𝜃𝑆) =
ℓ (argmax 𝑖𝑓𝜃𝑇(𝑋𝑢)𝑖, 𝑓𝜃𝑆(𝑋𝑢)), then one can further optimize 𝜃𝑇 as a function of the performance of 𝜃𝑆:

min𝜃𝑇ℒ𝐿 (𝜃PL𝑆 (𝜃𝑇)) ,
where

𝜃PL𝑆 (𝜃𝑇) ∈ argmin 𝜃𝑆ℒ𝑢 (𝜃𝑇, 𝜃𝑆) .
(3)

However, because the dependency between 𝜃𝑇 and 𝜃𝑆 is complicated, a practical approximation is obtained via
𝜃PL𝑆 ≈ 𝜃𝑆 − 𝜂𝑆 ⋅ ∇𝜃𝑆ℒ𝑢 (𝜃𝑇, 𝜃𝑆) which leads to the practical teacher objective:

min
𝜃𝑇

ℒ𝐿 (𝜃𝑆 − 𝜂𝑆 ⋅ ∇𝜃𝑆ℒ𝑢 (𝜃𝑇, 𝜃𝑆)) . (4)

Whereas MPL optimizes a labeler to provide good labels to unlabeled points, Meta-Semi (Wang et al., 2020)
optimizes which pseudo-labels to use for training. Particularly, if inclusion of a pseudo-label causes a decrease in
loss for the student on a labeled batch then the pseudo-labeled example is included for training and otherwise it is
omitted. Similarly, Bi-Level Optimization for Pseudo-Labeling Based Semi-Supervised Learning (BLOPL) (Heidari
and Guo, 2025) considers pseudo-labels as latent variables of which the learner’s weights are a function. Rather
than optimizing the presence or absence of pseudo-labels BLOPL optimizes soft pseudo-labels which are always
included to result in a good learned model. Reinforcement Learning Guided Semi-Supervised Learning (Heidari
et al., 2024) poses this optimization of pseudo labels as a reinforcement learning problem and learns a policy to
provide good soft pseudo-labels to the learner.

Meta Co-Training (MCT) (Rothenberger and Diochnos, 2023) combines the ideas of Meta Pseudo Labels (Pham
et al., 2021) and Co-Training (Blum and Mitchell, 1998). Meta Co-Training introduces a novel bi-level optimization
over multiple views to determine optimal assignment of pseudo labels for co-training. At the lower level of the
optimization the student parameters 𝜃𝑆 are optimized as a function of the teacher parameters 𝜃𝑇:

ℒ𝑢 (𝜃𝑇, 𝜃𝑆) = ℓ (argmax 𝜉𝑓𝜃𝑇(𝑋𝑢)|𝜉, 𝑓𝜃𝑆(𝑋𝑢)) (5)

𝜃′𝑆 = 𝜃PL𝑆 (𝜃𝑇) ∈ argmin 𝜃𝑆ℒ𝑢 (𝜃𝑇, 𝜃𝑆) . (6)
At the upper level (Equation 8) the teacher parameters are optimized to improve the student:

ℒ𝐿 (𝜃′𝑆) = ℓ (𝑌𝐿, 𝑓𝜃′𝑆 (𝑋𝐿)) (7)

𝜃′𝑇 = argmin 𝜃𝑇ℒ𝐿 (𝜃′𝑆) . (8)
All together the objective of MCT from the perspective of the current view model as the teacher is:

min
𝜃𝑇

ℒ𝑢 (𝜃𝑇, 𝜃𝑆) + ℒ𝐿 (𝜃′𝑆) . (9)

The full objective of MCT is then:
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min
𝜃1,𝜃2

ℒ𝑢 (𝜃1, 𝜃2) + ℒ𝐿 (𝜃′2) + ℒ𝑢 (𝜃2, 𝜃1) + ℒ𝐿 (𝜃′1) (10)

In this formulation each view is utilized by a single model which serves as both the student for that view and the
teacher for the other view. The student is optimized to replicate the pseudo-labels assigned by its teacher given
the corresponding instance as input. The teacher is optimized to produce pseudo-labels that improve student
performance on a held-out labeled set. This formulation is a natural extension of the ideas of Meta Pseudo Labels
to two views. They further propose using pre-trained models to construct two views from a single instance in the
dataset. This method of view construction compresses the input significantly in the case of image classification
which mitigates the impact of the expensive computational nature of multi-model semi-supervised approaches,
though it requires the existence of such models.

Limitations. Each of Pham et al. (2021); Rothenberger and Diochnos (2023); Heidari and Guo (2025); Heidari
et al. (2024); Wang et al. (2020) pose a bi-level optimization in which the way in which pseudo-labels are provided
to the learner is optimized to create a performant learner. Any approach based on a bi-level optimization has the
potential to be expensive to compute. In the case of MPL, it takes a million optimization steps on the CIFAR-10
dataset to produce results only marginally better than Unsupervised Data Augmentation (Xie et al., 2020a). One
of the major drawbacks of MPL and similar methods are their long training times.

4 Unsupervised and Self-Supervised Regimes
While pseudo-labeling is usually presented in the context of semi-supervised training regimes, there are very close
analogues to PL in the domain of unsupervised learning. Specifically, unsupervised consistency regularization
approaches show significant similarities with pseudo-labeling approaches as they tend to assign labels to points
even if these labels have no relation to any ground truth. For example, EsViT (Li et al., 2022), DINO (Caron
et al., 2021), BYOL (Grill et al., 2020), and SwAV (Caron et al., 2020) all use some form of label assignment as a
representation learning pretext task, i.e., a task which prepares a model for transfer learning to a downstream
task (Jing and Tian, 2021). Within this section, we will discuss descriminative self-supervised learning which
operate as CR methods (Section 4.1), and response-based knowledge distillation (Section 4.2) both of which are
forms of pseudo-labeling.

4.1 Consistency Regularization
It is perhaps surprising to consider pseudo-labeling as a definition for unsupervised learning settings, where
traditional, fixed class labels are not available. However, such probability vectors are used in the training of
particularly descriminative self-supervised learning. These approaches such as DINO (Caron et al., 2021) and are
incorporated into the loss function of SWaV (Caron et al., 2020), EsViT (Li et al., 2022), and Deep Cluster (Caron
et al., 2018) and their effectiveness is explained as a form of consistency regularization.

These approaches all result in assigning instances to a particular cluster or class which has no defined meaning,
but is rather inferred from the data in order to accomplish the minimization of the self-supervised loss. The goal
of the clustering or classification is clear: to place images which share an augmentation relationship into the
same cluster or class, and optionally a different class from all other images. The partition of the latent space
however is inferred, and it is also fuzzy as membership probabilities may not be one-hot. Thus, these techniques
clearly satisfy our definition.

All these frameworks are “unsupervised” in the sense that they do not rely on ground-truth labels, but they
truly belong to the category of SSL as they are trained on pretext tasks and are typically applied to semi-supervised
tasks. A common adaptation (and indeed the standard metric by which representational performance is judged)
is training a linear layer on top of the learned representations (Kolesnikov et al., 2019; Chen et al., 2020), with
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the intent of performing well in settings where few labels are available. A common theme in solutions in this
space is stochastically augmenting a pair of samples and ensuring that the learned representation of those
samples is similar to each other and different to all other samples in the batch, for example as in Figure 4; see,
e.g., Caron et al. (2020); Li et al. (2022); Caron et al. (2018); Xie et al. (2020a). In this sense, these are self-supervised
learning techniques that technically use pseudo-labels. Such self-supervised learning approaches are referred
to as “discriminative” as they are designed to discriminate between different ground truth signals by assigning
different (pseudo) labels to them. Because they do not predict labels that correspond to any specific important
function assignment, they are functionally indistinguishable from techniques like SimCLR (Chen et al., 2020),
and BYOL (Grill et al., 2020), which do not make use of any sort of class assignment (pseudo or otherwise).

x

x̃1

x̃2

z1

z2

𝑡 ∼ 𝒯

𝑡 ∼ 𝒯

𝑓 ( ⋅ )

𝑓 ( ⋅ )

Comparison

Fig. 4. A chart showing how general pairwise consistency regularization works. Generally, samples are drawn from x ∼ 𝒟,
where a series of transformations 𝑡 ∼ 𝒯 transforms x into a pair of unequally augmented samples x̃1, x̃2. This pair of samples
is then projected into a latent representation by some projection function 𝑓 ( ⋅ ) resulting in latent vectors z1, z2. Typically
during consistency regularization, the loss function will be structured to minimize the distance from z1, z2 from the same
sample x and maximize the distance from other sample representations within a minibatch.

In a stricter sense, there are approaches such as Scaling Open-Vocabulary Object Detection (Minderer et al.,
2023) which make use of actual predicted class labels that are relevant to a future task. This is not a classification
task but rather an object detection task, however the CLIP model is used to give weak supervision (pseudo-labels)
for bounding boxes and this weak supervision is used as a pre-training step. This kind of weak supervision is
common in open-vocabulary settings such as that used to train CLIP, however in the case of CLIP training that
weak supervision came from humans not any model outputs.

Limitations. In order to perform consistency regularization the training algorithm has to define between
which instances model predictions should be consistent. Typically, consistency is enforced between augmented
versions of the same image or between different representations of the same data point. Effective consistency
regularization relies on being able to define transformations to which the content of an image is invariant. This
may pose a limitation to specialized data domains for which standard data augmentation techniques to not apply.
Another possible failure for consistency regularization is representation collapse. It is possible that a model learns
to predict the same output for every input which leads to very good consistency but very poor representation
quality.

4.2 Knowledge Distillation
Knowledge distillation (Hinton et al., 2015) describes the process of transferring the knowledge of a larger network
into a smaller one. The significant attention brought to this technique has yielded a variety of techniques (Gou
et al., 2021). In this assessment we are concerned with response-based knowledge distillation; i.e., techniques for
knowledge distillation that transfer knowledge through pseudo-labels assigned by the larger model. For a more
comprehensive treatment of knowledge distillation see (Gou et al., 2021).
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The formulation in Hinton et al. (2015) is a response-based framework which is semi-supervised. The original
larger model is trained in a supervised way on a classification dataset. The process of distilling knowledge into
the smaller model is semi-supervised in general, although if only the model and instances are present without
labels the distillation can still occur with only self-supervision. The model is trained to minimize a loss function
that is composed of a supervised term measuring the disagreement with the true labels of the examples, and
another loss term which measures the disagreement with the prediction made by the larger model. This second
term is clearly making use of PL.

As mentioned in Caron et al. (2021), the DINO framework for self-supervised learning is interpreted as a
framework for knowledge distillation between a student model and a mean teacher (a teacher model which is
an average of the student model’s weights). This is self-distillation with no labels which is entirely based on PL.
DINO can be seen as a special case of the replace one branch (Duval et al., 2023) approach to knowledge distillation
with a slight modification of including a mean teacher. In fact, this is exactly how the smaller published DINO
models are created. Rather than training the models from scratch, the smaller architectures’ parameters are
trained by holding the parameters of the larger model constant and distilling their knowledge from them into
the smaller model using the same DINO framework which was used to train the larger model. This approach
is broadly applicable to the above self-supervised frameworks and others which may not utilize PL but have a
similar two-branch training structure.

In all cases a fuzzy partition parameterized by a neural network is inferred from data and available at the
beginning of the distillation process. This is the teacher model, or the model which is being distilled. In the case
of Hinton’s original formulation this fuzzy partition clearly corresponds to division of the input space into classes
informed by real labels. It is also possible to incorporate real labels in the distillation process in that formulation,
however pseudo-labels are still used in the training process. in fact, the labels generated by the model and given
to the student model are identical to those utilized in traditional pseudo-labeling approaches such as Lee (2013).
In the case of DINO and RoB the labels do not necessarily correspond to any ground truth quantity, but the loss
function is identical. DINO distillation and RoB also define fuzzy partitions of the input space into categories and
the goal of learning in the knowledge distillation regime is the same: minimize the average cross entropy over a
set of unlabeled instances and their associated pseudo-labels between the student and the teacher.

Limitations. Usually to perform knowledge distillation one needs access to the distribution on which the model
to be distilled was trained. This may not be realistic if that model was trained on a proprietary dataset or one so
large that distilling over it is prohibitively expensive.

5 Commonalities Between Discussed Methods
We have covered a variety of ways in which pseudo-labeling is applied in computer vision algorithms. We have
connected these ideas with our interpretation of pseudo-labels. In this section we identify commonalities between
the methods that we have discussed so far. This will then illuminate the directions for future work, which we
present in the next section.

Filtering the Data. One of the main arguments presented in CLIP (Radford et al., 2021) is the extensive dataset
filtering methodology, and even subsequent works such as ALIGN (Jia et al., 2021) still perform some dataset
filtering. Such rigorous dataset construction seems to be the norm now with the LAION dataset using the CLIP
pre-trained model to filter out noisy image-caption pairs (Schuhmann et al., 2022), and Xu et al. (2024) argue the
dataset curation was an essential aspect of CLIP’s success. Proprietary pre-filtered datasets such as JFT and IG-1B
and open-source datasets such as CounterAnimal serve as an integral component in training state-of-the-art
models’ self-supervised and semi-supervised learning (Pham et al., 2021; Radford et al., 2021; Caron et al., 2021; Xie
et al., 2020b; Wang et al., 2024). In knowledge distillation, maintaining the full model’s performance requires some
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access to the training data; without it, we must resort to techniques like data-free knowledge distillation (Lopes
et al., 2017) or reconstructing a similar dataset from open data such as LAION-5B (Schuhmann et al., 2022). Thus,
strategic dataset filtering emerges as a key enabler for effective pseudo-labeling.

Establishing a Curriculum. Curriculum learning (Bengio et al., 2009) is an approach that was originally proposed
for supervised learning, but it is often used as the justification for metric-based selection procedures for PL (as
discussed in Section 3.1.3). Outside SSL, curriculum approaches have received a small amount of attention recently
in knowledge distillation literature with curricula inspired by the training trajectory of the heavier model (Jin et al.,
2019), and by the temperature used during training (Li et al., 2023). Curriculum learning has also been applied
in self-supervised learning to learn representations that are robust to spurious correlations (Zhu et al., 2023).
The curricula proposed for knowledge distillation and self-supervised learning are practically interchangeable
when using an appropriate framework such as RoB (Duval et al., 2023) and DINO (Caron et al., 2021) respectively.
Though the connection is perhaps looser, the choice of a curriculum is very important for good self-training and
co-training performance. There is similarly no practical reason the curricula proposed for self-training could not
be applied to knowledge distillation or self-training and vice-versa.

Data Augmentation Strategies. Data augmentations typically perturb the input instances without altering their
ground truth assignments, and strategies for this are varied and domain-dependent. All forms of data augmentation
can be seen as providing pseudo-labels, as the original sample label is assigned to a new (augmented) sample.
Rather than communicating the prediction of some machine learning model, these pseudo-labels instill an
inductive bias. Outside of limited cases such as horizontal flips of most images (which can be known to not
change the underlying class), augmentations such as MixUp (Zhang et al., 2018), the *-Match family (Berthelot
et al., 2019b; Sohn et al., 2020; Berthelot et al., 2019a; Zhang et al., 2021), or even RandAugment (Cubuk et al.,
2019) can meaningfully change or obscure class information. This is critical as they define the invariance the
model is to learn and makes the most of limited supervised data.

Soft vs. Hard Pseudo-Labels. The dominant strategy is in line with the spirit of EM, where choosing hard
labels extends the margin of the decision boundary. Some works report better performance when using soft
labels Xie et al. (2020a), but other works take precautions to avoid trivial solutions when using soft labels Yi
et al. (2022); not to mention the challenges of using soft labels (and thus weaker gradients) for larger model
architectures. Conversely, hard labels can be sampled from a discrete distribution described by the output vector
of a model yielding an assignment less aligned with the ground truth, but which strikes a desirable learning
process exploration / exploitation trade-off (e.g., Pham et al. (2021)). Interestingly, this hard-label choice is not
nearly as popular in the self-supervised or knowledge distillation areas where the argument usually follows from
an argument centered around smoothing a distribution rather than performing EM. Despite this, such techniques
typically make use of a large temperature parameter to “harden” the label output by the teacher (Chen et al.,
2020; Caron et al., 2021; Li et al., 2022; Hinton et al., 2015; Wen et al., 2021; Li et al., 2023).

Updating the Teacher. There are a variety of strategies that are employed to update the teacher model from
which knowledge is being transferred. In self-supervised settings a teacher is usually a model updated as the EMA
of the student’s weights from the last several steps (Grill et al., 2020; Caron et al., 2021; Li et al., 2022). Conversely,
in semi-supervised learning the teacher’s weights are usually the product of a separate optimization—either
through meta-learning (Pham et al., 2021) or a previous weakly-supervised training iteration (Xie et al., 2020b;
McLachlan, 1975; Blum and Mitchell, 1998; Hady and Schwenker, 2008; Yu et al., 2021; Chen et al., 2022; Zhou et al.,
2020). Acknowledging the weakness of the teacher’s labels within the knowledge distillation framework, one can
even imagine altering teacher predictions to produce a better student (Wen et al., 2021). In all pseudo-labeling
cases it is useful to consider how (if at all) the teacher should be updated.
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Self-Supervised Regularization. In practice, there are far more unlabeled samples than labeled samples: for
example, open source NLP/CV datasets contain billions of un- or weakly-curated samples (Schuhmann et al.,
2022; Computer, 2023). Typically, representations are learned first on unsupervised data and then are transferred
to a downstream task. In the case of full-parameter finetuning, however, it is possible for a network to ‘forget’
valuable information learned during pre-training while it is being finetuned. An important type of regularization
may be to include a semi-supervised objective in the loss such as NT-Xent (Chen et al., 2020) or the BYOL (Grill
et al., 2020) loss function; preventing a representation space from collapsing or to allow learning a representation
space jointly with the classification objective.

6 Open Directions
Having identified the ways in which these different algorithms which use pseudo-labels are similar, we are now
prepared to discuss unexplored directions. Below we outline what we believe to be some of the most promising
open directions when one tries to exploit these commonalities between the different forms of pseudo-labeling.

Dataset Filtering. There is significant focus on dataset filtering in the self-supervised learning literature, however
this remains relatively unexplored in semi-supervised learning and knowledge distillation. It seems intuitive that
dataset subsetting has the potential to expedite knowledge distillation, particularly when training data for the
model to be distilled is unavailable. Manipulating the unlabeled data distribution so that it is closer to the training
distribution has the potential to increase the value of that unlabeled data. In semi-supervised learning, the typical
method of evaluating the performance of algorithms is to hold out a subset of the labels from a balanced dataset.
This yields an idealized unlabeled distribution which is not available in most practical scenarios. Evaluations
performed this way ignore the cases of class imbalance and unknown class distributions which are inevitable
for uncurated unlabeled sets. Semi-supervised learning algorithms are vulnerable to differences in distribution
between the unlabeled and labeled sets, and they are vulnerable. Automated data filtering methods similar to Vo
et al. (2024) are an exciting future direction for semi-supervised learning as they have the potential to improve
the unlabeled data distribution without human intervention.

Establishing a Useful Curriculum. Establishing an effective curriculum is an open direction for all of these
pseudo-labeling methods. In Section 3.1.3 we identified methods of semi-supervised learning which leverage
training curricula to learn to label “easy” instances before “difficult” instances. These ideas were motivated by
entropy minimization and rely on selecting pseudo-labels based on confidence. Model confidence is a common
selection criterion for pseudo-labels, but as we established in Section 3.1.3 model calibration is not calibrated
in general. We see the application of uncertainty quantification or calibration methods to the construction of
curricula for semi-supervised learning as a promising future direction. For unsupervised or self-supervised
pseudo-labeling methods which do no have a readily available notion of confidence the creation of a curriculum
based on instance loss is also unexplored. Curriculum training broadly offers the potential to capture patterns in
underrepresented regions of the training data which is valuable for any models trained on uncurated data.

Direct Initialization of Models. While models can be initialized by randomly sampling the weights from an
initialization distribution, they can also be initialized using an intelligently chosen set of weights. A large number
of pre-trained “foundation” models for vision have been produced which can be compressed using low-rank
compression Yu et al. (2017); Xiao et al. (2023), neuron clustering Cho et al. (2022), or neuron selection Samragh
et al. (2023). Knowledge distillation is sometimes leveraged to compress foundation models Caron et al. (2021);
Duval et al. (2023). Direct initialization has the potential to “jump-start” this process. In semi-supervised learning
student-teacher algorithms could also benefit from using compressed weights of the teacher to directly initialize
the student. These methods of directly initializing neural network weights to reduce the cost of expensive
pseudo-labeling training methods have so far been unexplored.
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Self-Supervised Regularization of Semi-Supervised Learning. In semi-supervised learning and knowledge distilla-
tion there is a risk of representation collapse of the learner. One recent method, self-supervised semi-supervised
learning (Berthelot et al., 2019a), incorporates a self-supervised loss term to prevent that representation collapse.
Despite the simplicity they are able to improve on supervised baselines. Their approach and others such as
Rothenberger and Diochnos (2023) show that the benefits for learning with few labels from pseudo-labeling-based
self-supervised learning and pseudo-labeling-based semi-supervised learning are complementary. Combining the
benefits of knowledge distillation and semi-supervised learning with the strong performance of representations
learned with self-supervised loss terms is an exciting avenue of research for pseudo-labeling.

Meta Learning to Determine Pseudo-Label Assignment. In Section 3.4 we identified several methods for semi-
supervised learning which formulate pseudo-label assignment as a meta-learning problem or bi-level optimization.
Several recent pseudo-labeling methods for semi-supervised learning Pham et al. (2021); Rothenberger and
Diochnos (2023); Heidari and Guo (2025); Heidari et al. (2024) leverage bi-level frameworks for pseudo-label
assignment. RLGSSL Heidari et al. (2024) we find to be particular interesting because it interprets this bi-level
optimization as reinforcement learning which opens many new potential directions for exploration based on
existing work in reinforcement learning. Developing new ways of formulating and optimizing these bi-level
frameworks is an exciting direction for self-supervised learning. To our knowledge bi-level optimization has not
been applied in this way to either knowledge distillation or self-supervised learning. Due to the promising results
of pseudo-labeling methods based on bi-level optimizations for semi-supervised learning we believe similar
algorithms can find success in the areas of knowledge distillation and self-supervised learning.

7 Conclusion
In Section 1 we gave an overview of theoretical motivations for pseudo-labeling. We provided a taxonomy of
methods for pseudo-labeling in these areas and discussed their relation to the important motivating ideas of
sample scheduling, label propagation, weak supervision, consistency regularization, multi-model learning, and
knowledge distillation. This taxonomy was shown in Figure 1. We provided a comparison of methods applied to
semi-supervised image classification; these comparative results were shown in Table 1. In Section 2 we introduced
a definition for pseudo-labels. We showed how this definition allows for a unified interpretation of methods from
semi-supervised learning and self-supervised learning. In Section 3 we presented many different methods for
semi-supervised learning that make use of pseudo-labels. In Section 4 we showed how pseudo-labels are used in
unsupervised and self-supervised ways. We discussed commonalities that we observed between different types of
pseudo-labeling algorithms in Section 5. In Section 6 we discussed open directions that were illuminated by our
definition of pseudo-labels. Finally, in Table 2 in Appendix A we provide a glossary of the different techniques
that are shown in the taxonomy of Figure 1. Table 2 provides the paper that proposed each technique and the
section in which they appear in this review.

We find that there are many exciting new opportunities for research.The prospect of applying dataset subsetting
methods on data collected from the wild is particularly exciting, and so is the application of reinforcement learning
algorithms/bi-level optimization frameworks and uncertainty quantification. We are excited to see how new
applications of pseudo-labels continue to shape the computer vision landscape.
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A Reference Table for the Literature Shown in Figure 1
Table 2 has a mapping between the techniques that appear in Figure 1 (first column), with the appropriate
references that are associated with the corresponding techniques (second column), and finally the section in this
work where that technique is discussed.

Table 2. Figure 1 Label Map
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EsViT Li et al. (2022) 4.1
FixMatch Sohn et al. (2020) 3.1
FlexMatch Zhang et al. (2021) 3.1
IDN Wang et al. (2022) 3.2
ILI Haase-Schütz et al. (2020) 3.2
Knowledge Distillation Hinton et al. (2015) 4.2
LabelPropPL Iscen et al. (2019) 3.2
MHCT Chen et al. (2022) 3.4
MMF Shi et al. (2018) 3.2
Meta Co-training Rothenberger and Diochnos (2023) 3.4
MetaPL Pham et al. (2021) 3.4
MixMatch Berthelot et al. (2019b) 3.1
Noisy Student Xie et al. (2020b) 3.4
OVOD Minderer et al. (2023) 4.1
PENCIL Yi et al. (2022) 3.2
PL (2013) Lee (2013) 3
ProSub Wallin et al. (2024) 3.2
RLGSSL Heidari et al. (2024) 3.4
ROSSEL Yan et al. (2016) 3.4
ReMixMatch Berthelot et al. (2019a) 3.1
Replace One Branch Duval et al. (2023) 4.2
SeFOSS Wallin et al. (2023) 3.2
SwAV Caron et al. (2020) 4.1
TCSSL Zhou et al. (2020) 3.1
TriTraining Zhou and Li (2005) 3.4
UDA Xie et al. (2020a) 3.3
UPS Rizve et al. (2021) 3.2
VAT Miyato et al. (2019) 3.3
W-DOE Wang et al. (2025) 3.2
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